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Abstract 
The purpose of this study is to confirm the feasibility of a method for detecting deteriorated structural members using 
three-layer back-propagation neural networks while considering changes in dynamic characteristics, such as higher 
order natural frequencies and vibration modes. Investigation results for framed structures confirmed that effective 
detection of deteriorated members is possible, in spite of minor changes in dynamic characteristics due to structural 
deterioration. Prospects for application of the present method are promising pending further studies on specific 
problem areas. 
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1. INTRODUCTION
In recent years, increasing importance attached to maintaining adequate and economical performance 
of aged infrastructures requires evaluation of existing steel structures for load bearing deterioration due to 
corrosion based on the visual observation, plate thickness and stress measurements. Greater demand for 
advancements in diagnosis technology is expected in the near future because of increases in the number 
of aged infrastructures requiring diagnosis, unavoidable cases of high-place or hazardous inspection work, 
and invisible deterioration in structural members which may not be priority subjects for diagnosis. 
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Concretely, the investigation items were as follows:  
a) To perform natural vibration analyses corresponding to various deterioration patterns of 
cantilever beams and detached pier models. 
b) To construct multi-layer neural networks where the higher order natural vibration modes were 
assumed as input and deterioration patterns were assumed as output. 
c) To examine the detection performance of the neural network. 
d) In a similar way, to confirm the applicability to real transmission tower models under actual 
corroded conditions. 
2. APPLICATION OF NEURAL NETWORKS TO DETERIORATION DIAGNOSIS 
The multi-layer neural network used in this research was developed (Rumelhart et al. 1986), the 
mathematical approximation capability for which has already been proven (Funabashi 1989), and 
considerable application research was performed in the 1990s. A feature of the neural network is that an 
arbitrary continuous mapping function can be automatically generated through supervised learning by 
using input-output relations given beforehand. 
In this research, considering the growing importance for maintaining existing structures, we clarify the 
accuracy of the method for evaluating the location and level of deterioration for corroded members while 
considering the changes in structural dynamic characteristics such as natural frequencies and natural 
vibration modes (Hassiotis et al. 1995; Wu et al. 2000). The innovative contribution of this paper which 
has not addressed in previous literature is to show that a multi-layer neural network which learned the 
changes in specific natural vibration modes due to corrosion is useful in diagnosing deterioration in 
existing transmission towers. 
Diagnosis procedures for deteriorated steel structures aided by a neural network are as follows. 
Step 1: Perform natural vibration analyses of the structure for diagnosis under the condition of no 
deteriorated members or a few deteriorated members diffused in various patterns, and construct 
learning data (input items: natural vibration modes and frequencies; supervised items: location 
and deterioration level of deteriorated members). 
Step 2: Learn the data and construct the learned neural networks. 
Step 3: Confirm the accuracy of the output items evaluated by the learned neural networks to new 
unlearned input items. 
Step 4: Measure natural vibration modes and frequencies of actual structures containing deteriorated 
members, input the acquired values to the learned neural network, and evaluate the location and 
the deterioration level of the corroded members. 
3. APPLICABILITY EXAMINATION OF THREE-LAYER BACK PROPAGATION NEURAL 
NETWORKS
3.1. Preliminary examination intended for a cantilever beam 
The application potential of the neural network was first examined using a cantilever beam as the 
deterioration diagnosis model as shown in Figure 1 (2D model, 50mm in thickness and 8 elements 
division). Cross-section and material properties of the model are as shown in Table 1. Deterioration of the 
model was expressed by uniformly reducing the element thickness of 20%.  In this model, various 
patterns of the natural vibration analyses were performed to create learningdata. A total of 93 analyses 
were performed (1 pattern with no deteriorated elements; 8 with one deteriorated element; 28 with two 
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deteriorated elements; and 56 with three deteriorated elements). These analysis results were then applied 
to construct a three-layer neural network.  
Natural frequencies and vibration modes of bending up to the 3rd degree were assumed as input items, 
and the existence or nonexistence of deterioration in each element was treated as the supervised items. 
Table 2 shows one example of input and supervised items when the element #2 and #4 are deteriorated. In 
Table 2, the vibration modes indicate modal displacements in the orthogonal direction at the nodes 2 to 9 
shown in Figure 1. In addition, the vibration modes in the learning items were normalized. Deteriorated 
items are indicated by 1.00 and non-deteriorated items by 0.00. 
(mm)
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8@200=1600
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Figure 1 Cantilever beam model 
Table 1: Cross-section and material properties 
Sound element Deteriorated element
Cross-section area A䚷(m2) 5.0×10-3 4.0×10-3
Second moment of area
around y-axis I y䚷 (m
4) 1.04×10
-6 8.33×10-7
Second moment of area
around z-axis I z䚷 (m
4) 4.17×10
-6 2.13×10-6
Damping constant ȟ
Density ȡ (g/cm3)
Elastic coefficient E (Gpa)
Poisson's ratio Ȟ
0.02
7.8
210
0.3  
Table 2: Learning items 
1st 2nd 3rd
28.3 191.3 557.9 1 0
2 1
0.012 -0.076 0.199 3 0
0.055 -0.257 0.457 4 1
0.123 -0.431 0.399 5 0
0.209 -0.470 0.026 6 0
0.309 -0.334 -0.330 7 0
0.414 -0.085 -0.344 8 0
0.522 0.238 0.033
0.631 0.588 0.602
Vibration mode
Input items Supervised items
Element
number Output
Natural frequency (Hz)
Table 3: Evaluation results 
Case-1 Case-2
䐟 0 0.00 0.00
䐠 1 1.00 1.01
䐡 0 0.00 0.00
䐢 1 1.00 1.01
䐣 0 0.00 0.00
䐤 0 0.00 0.00
䐥 0 0.00 0.00
䐦 0 0.00 0.00
Element
number
Supervised
data
Results of estimation
#1
#2
#3
#4
#5
#6
#7
#8  
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Table 3 shows an example of detection by the neural network, with evaluation results for the case 
where elements #2 and #4 are deteriorated. Case-1 represents evaluation results using learned data and 
Case-2 represents those for unlearned data. Case-1 consists of 93 patterns of input data for learning and 
Case-2 of 65 patterns. Both Case-1 and Case-2 include cases with no deteriorated elements and cases with 
one, two, and three deteriorated elements. 
In both cases, a three-layer neural network for a deteriorated cantilever beam was constructed by 
500,000 times of learning, the number of items of the input layer was 27, the number of items of the 
hidden layer was 32, and the number of items of the output layer was 8. Deteriorated elements were 
precisely determined in Case-1, and identified with sufficient accuracy in Case-2. 
3.2. Preliminary examination intended for a detached pier 
To examine applicability of the neural network for detection of deteriorated members in more complex 
structures, we tried to identify deteriorated elements in a simplified detached pier model by the method
described in 3.1. Figure 2 shows the detached pier model, Figure 3 shows the cross-section of steel piles 
which may cause severe corrosion, and Table 4 shows the cross-section and material properties of the 
model.  In this model, the eight shaded elements in Figure 2 indicate areas where we assumed 
deterioration occurs.  
Deterioration was expressed by decreasing the moment of inertia of the steel piles, and the 
deterioration rate was uniformly set to 5% to reflect actual conditions. Input data consisted of the natural 
frequencies up to the 3rd degree and the modal displacements of horizontal direction at 16 nodes 
indicated by red numbers in Figure 2. 
As an example, the evaluation results in the case that the element #3, #5 and #7 are deteriorated are 
shown in Table 5. Evaluation results derived from learned data are represented in Case-1 and those for 
unlearned data are in Case-2. Case-1 consists of 93 patterns of input data for learning and Case-2 of 37 
patterns. Both Case-1 and Case-2 include cases with no deteriorated elements and cases with one, two, 
and three deteriorated elements. 
The number of times of learning was 500,000 in Case-1 and 700,000 in Case-2. The number of items 
of the input layer was 51, the hidden layer was 55, and the output layer was 8 in both of cases. The 
deteriorated elements were precisely identified in Case-1, and were roughly identified in Case-2. 

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Figure 2: Detached pier model 
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Figure 3: Cross-section of steel pile 
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Table 4: Cross-section and material properties 
Steel pipe piles
(Soundness)
Steel pipe piles
(Deterioration) Concrete slab
Cross-section area A䚷(m2) 9.14×10-2 8.71×10-2 10
Second moment of area
around y-axis I y䚷 (m
4) 1.07×10
-2 1.02×10-2 83.3
Second moment of area
around z-axis I z䚷 (m
4) 1.07×10
-2 1.02×10-2 0.833
Damping constant ȟ 0.05
Density ȡ (g/cm3) 2.3
Elastic coefficient E (Gpa) 30
Poisson's ratio Ȟ 0.1
0.02
7.8
210
0.3  
Table 5: Evaluation results 

Case-1 Case-2
䐟   
䐠   
䐡   
䐢   
䐣   
䐤   
䐥   
䐦   
Element
number
Supervised
data
Results of estimation
#1
#2
#3
#4
#5
#6
#7
#8  
3.3. Investigation toward practical application to transmission towers 
Finally, to evaluate application to actual structures, a transmission tower model as shown in Figure 4 a) 
was selected and examined (Nakamura et al. 2010).  Based on actual conditions of deterioration due to 
corrosion, natural vibration analyses were performed for 59 cases including one case without 
deterioration. The number of corroded members was assumed to be 1 to 3 per tower and the reduction rate 
of the cross-section area was assumed to be 50% uniformly. 
Then, learning data of 59 sets consisting of 64 input items and 18supervised items(location of 
deteriorated members), were made using modal displacements u1 to u4 and v1 to v4 as shown in Figure 4 b) 
for the 1st, 2ndand 3rd bending modes in both horizontal directions and the 1st and 2nd torsional modes. 
A three-layer neural network for diagnosis of deteriorated transmission towers was constructed by 
1,000,000 times of learning, and the results of the evaluation using ten unlearned data are shown in Table 
6 (Case 1~Case 10).  In Table 6, the existence of deteriorated members is indicated by red numbers and 
1.00 is correct, while all other numbers indicate the absence of deteriorated members and 0.00 is correct.  
The evaluation data includes a minor margin of error. 
Regarding tower truss structures like transmission towers, only the following modes, which are also 
shown in Figure 5, can be clearly classified to correspond to the modes for the cantilever beam.  
1. Bending modes in the power line direction : 1st, 2nd and 3rd,  
2. Bending modes in the transverse direction : 1st, 2nd and 3rd,  
1538  S. YURA et al. / Procedia Engineering 14 (2011) 1533–1542
3. Torsional modes : 1st and 2nd.   
Excluding these modes, vibration modes for each truss member appear prominently, and there is 
clearly no occurrence of cantilever beam-modes.  

 
a) Overall view 

 
b) Modal displacements for input items 
Figure 4: Numerical model of a transmission tower 
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a) Bending modes in power line direction : 1st, 2nd and 3rd 
 
c) Torsional modes : 1st and 2nd 
 
b) Bending modes in transverse direction : 1st, 2nd and 3rd 
Figure 5: Natural vibration modes 
When selected brace members from such a tower structure are studied andcross-sectional areas are 
halved, no observable change occurs for higher-order natural frequencies and vibration modes, however, 
when the numerical values for the modal displacements are compared, minor change is observed in the 
3rd or 4th digit or less.  
The results of our attempt to verify the effectiveness of the method are reflected in Table 6 and they 
clearly demonstrate the potential for using the multi-layer neural network to detect change, even though 
slight changes may occur in mode shapes or other dynamic characteristics. 
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Table 6: Evaluationresults by the multi-layer neural network using unlearned data 
Case Panel number of the transmission tower model (top-to-bottom)
No. 㻝 㻞 㻟 㻠 㻡 㻢 㻣 㻤 㻥 㻝㻜 㻝㻝 㻝㻞 㻝㻟 㻝㻠 㻝㻡 㻝㻢 㻝㻣 㻝㻤
㻝 㻝㻚㻜㻜 㻜㻚㻜㻝 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻝㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻞
㻞 㻝㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻥㻤 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻝 㻙㻜㻚㻜㻝
㻟 㻝㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻝 㻙㻜㻚㻜㻝 㻝㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜
㻠 㻝㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻝㻚㻜㻝 㻜㻚㻜㻜
㻡 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻥㻥 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻝㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻙㻜㻚㻜㻞 㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻝
㻢 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻥㻥 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻥㻥 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜
㻣 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻝㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻝 㻙㻜㻚㻜㻞 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻜㻜 㻝㻚㻜㻜 㻜㻚㻜㻝
㻤 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻝㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻝㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜
㻥 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻝㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻜㻚㻜㻜 㻝㻚㻜㻜 㻜㻚㻜㻝
㻝㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻝 㻝㻚㻜㻜 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻝㻚㻜㻜 㻜㻚㻜㻝  
3.4. Further investigation of a transmission tower with unequal base displacement 
When this method is applied to existing transmission towers, there is concern for the influence exerted 
on natural vibration modes by residual stresses and shape imperfections related to unequal base 
displacement. The following corresponds to the standard concerning construction of transmission towers 
in Japan (Japan Electric Association 2008). 
a) The allowable unequal vertical base displacement of a main leg is less than d/1200 (d: distance 
between main legs at ground level), and that for horizontal displacement is less than d/800.  
b) The intent of the specification is to keep residual stresses within yV3.0 ( yV : Yield stress).  
Based on such realities, investigations concerning the applicability of the neural network to 
deteriorated transmission towers with unequal base displacement were as follows.  
1. The transmission tower model shown in Figure 4 is analyzed statically under the above-
mentioned vertical and horizontal base displacement of a main leg, and the equilibrium condition 
is calculated.  
2. Natural vibration analyses of a transmission tower with unequal displacement are performed and 
an unlearned data set is made for the neural network constructed in 3.3.  
3. The accuracy of the neural network in evaluating the transmission tower model with 
irregularities due to vertical base displacement is confirmed.  
4. Similarly, accuracy in the case of horizontal base displacement is confirmed. 
The following results were clarified from the investigations described above. 
i. The results of the stress analysis of the transmission tower with regulated unequal base 
displacement confirmed that stresses of yV3.0  or less were caused in brace members from the 
lowest panel to about the third level panels. 
ii. The influence of unequal base displacement on natural vibration modes is large, and the 
evaluation accuracy of the neural network is not high for tower structures with an unequal base 
displacement of regulated value or less. 
iii. Especially, accuracy deteriorates easily near the bend point at intermediate height in the case of 
vertical base displacement and near the foundation in the case of horizontal base displacement.  
iv. Evaluation results of the neural network when vertical unequal displacement is limited to 1/5 of 
regulated value (d/1200) are shown in Table 7 and data for when horizontal unequal 
displacement is limited to 1/10 of the regulated value (d/800) are shown in Table 8. These are 
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the limits for applying learning data for no base displacement, and when these are exceeded, 
natural vibration analysis results including base displacement should be used as learning data. 
Table 7: Evaluationresults considering vertical unequal displacement (d/6000) 
Case Panel number of the transmission tower model (top-to-bottom)
No. 㻝 㻞 㻟 㻠 㻡 㻢 㻣 㻤 㻥 㻝㻜 㻝㻝 㻝㻞 㻝㻟 㻝㻠 㻝㻡 㻝㻢 㻝㻣 㻝㻤
㻝 㻝㻚㻜㻟 㻙㻜㻚㻜㻣 㻜㻚㻜㻞 㻜㻚㻜㻞 㻝㻚㻜㻠 㻙㻜㻚㻜㻣 㻜㻚㻝㻠 㻙㻜㻚㻝㻣 㻜㻚㻞㻠 㻙㻜㻚㻜㻞 㻜㻚㻜㻝 㻙㻜㻚㻜㻣 㻜㻚㻜㻞 㻙㻜㻚㻜㻝 㻜㻚㻜㻞 㻙㻜㻚㻜㻞 㻙㻜㻚㻜㻠 㻜㻚㻜㻤
㻞 㻝㻚㻜㻟 㻙㻜㻚㻜㻣 㻜㻚㻜㻟 㻜㻚㻜㻝 㻜㻚㻜㻡 㻙㻜㻚㻜㻣 㻜㻚㻝㻠 㻙㻜㻚㻞㻜 㻝㻚㻞㻡 㻙㻜㻚㻜㻞 㻜㻚㻜㻝 㻙㻜㻚㻜㻥 㻜㻚㻜㻟 㻙㻜㻚㻜㻝 㻜㻚㻜㻞 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻟 㻜㻚㻜㻢
㻟 㻝㻚㻜㻞 㻙㻜㻚㻜㻤 㻜㻚㻜㻟 㻜㻚㻜㻝 㻜㻚㻜㻟 㻙㻜㻚㻜㻢 㻜㻚㻝㻠 㻙㻜㻚㻝㻤 㻜㻚㻞㻠 㻙㻜㻚㻜㻞 㻜㻚㻜㻜 㻙㻜㻚㻜㻣 㻝㻚㻜㻝 㻙㻜㻚㻜㻝 㻜㻚㻜㻝 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻠 㻜㻚㻜㻡
㻠 㻝㻚㻜㻟 㻙㻜㻚㻜㻣 㻜㻚㻜㻟 㻜㻚㻜㻝 㻜㻚㻜㻡 㻙㻜㻚㻜㻣 㻜㻚㻝㻠 㻙㻜㻚㻝㻣 㻜㻚㻞㻠 㻙㻜㻚㻜㻞 㻜㻚㻜㻜 㻙㻜㻚㻜㻣 㻜㻚㻜㻞 㻙㻜㻚㻜㻝 㻜㻚㻜㻠 㻙㻜㻚㻜㻞 㻜㻚㻥㻞 㻜㻚㻜㻤
㻡 㻜㻚㻜㻞 㻙㻜㻚㻜㻤 㻜㻚㻜㻠 㻜㻚㻜㻝 㻝㻚㻜㻠 㻙㻜㻚㻜㻢 㻜㻚㻝㻠 㻙㻜㻚㻞㻟 㻝㻚㻞㻥 㻙㻜㻚㻜㻞 㻜㻚㻜㻞 㻙㻜㻚㻝㻜 㻜㻚㻜㻠 㻙㻜㻚㻜㻝 㻜㻚㻜㻝 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻟 㻜㻚㻜㻢
㻢 㻜㻚㻜㻞 㻙㻜㻚㻜㻣 㻜㻚㻜㻟 㻜㻚㻜㻞 㻝㻚㻜㻟 㻙㻜㻚㻜㻣 㻜㻚㻝㻠 㻙㻜㻚㻝㻣 㻜㻚㻞㻟 㻙㻜㻚㻜㻞 㻜㻚㻜㻝 㻙㻜㻚㻜㻤 㻝㻚㻜㻞 㻙㻜㻚㻜㻝 㻜㻚㻜㻞 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻠 㻜㻚㻜㻣
㻣 㻜㻚㻜㻞 㻙㻜㻚㻜㻤 㻜㻚㻜㻟 㻜㻚㻜㻜 㻝㻚㻜㻠 㻙㻜㻚㻜㻢 㻜㻚㻝㻠 㻙㻜㻚㻝㻤 㻜㻚㻞㻡 㻙㻜㻚㻜㻞 㻜㻚㻜㻜 㻙㻜㻚㻜㻣 㻜㻚㻜㻞 㻙㻜㻚㻜㻞 㻜㻚㻜㻡 㻙㻜㻚㻜㻞 㻜㻚㻥㻞 㻜㻚㻜㻤
㻤 㻜㻚㻜㻞 㻙㻜㻚㻜㻣 㻜㻚㻜㻟 㻜㻚㻜㻞 㻜㻚㻜㻠 㻙㻜㻚㻜㻣 㻜㻚㻝㻠 㻙㻜㻚㻞㻞 㻝㻚㻞㻤 㻙㻜㻚㻜㻞 㻜㻚㻜㻝 㻙㻜㻚㻜㻥 㻝㻚㻜㻠 㻜㻚㻜㻜 㻜㻚㻜㻜 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻟 㻜㻚㻜㻡
㻥 㻜㻚㻜㻟 㻙㻜㻚㻜㻤 㻜㻚㻜㻠 㻜㻚㻜㻜 㻜㻚㻜㻡 㻙㻜㻚㻜㻢 㻜㻚㻝㻠 㻙㻜㻚㻞㻟 㻝㻚㻞㻥 㻙㻜㻚㻜㻞 㻜㻚㻜㻝 㻙㻜㻚㻜㻥 㻜㻚㻜㻠 㻙㻜㻚㻜㻝 㻜㻚㻜㻠 㻙㻜㻚㻜㻞 㻜㻚㻥㻝 㻜㻚㻜㻥
㻝㻜 㻜㻚㻜㻞 㻙㻜㻚㻜㻣 㻜㻚㻜㻟 㻜㻚㻜㻝 㻜㻚㻜㻠 㻙㻜㻚㻜㻢 㻜㻚㻝㻠 㻙㻜㻚㻝㻤 㻜㻚㻞㻠 㻙㻜㻚㻜㻞 㻜㻚㻜㻜 㻙㻜㻚㻜㻣 㻝㻚㻜㻞 㻙㻜㻚㻜㻞 㻜㻚㻜㻢 㻙㻜㻚㻜㻞 㻜㻚㻥㻝 㻜㻚㻝㻜  
Table 8: Evaluationresults considering horizontal unequal displacement (d/8000) 
Case Panel number of the transmission tower model (top-to-bottom)
No. 㻝 㻞 㻟 㻠 㻡 㻢 㻣 㻤 㻥 㻝㻜 㻝㻝 㻝㻞 㻝㻟 㻝㻠 㻝㻡 㻝㻢 㻝㻣 㻝㻤
㻝 㻝㻚㻜㻞 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻥 㻜㻚㻜㻤 㻜㻚㻥㻟 㻙㻜㻚㻜㻠 㻜㻚㻝㻡 㻙㻜㻚㻜㻡 㻜㻚㻜㻝 㻜㻚㻜㻜 㻙㻜㻚㻜㻥 㻜㻚㻜㻝 㻜㻚㻜㻜 㻙㻜㻚㻝㻝 㻜㻚㻟㻢 㻙㻜㻚㻜㻡 㻙㻜㻚㻞㻡 㻜㻚㻞㻠
㻞 㻝㻚㻜㻝 㻙㻜㻚㻜㻝 㻙㻜㻚㻝㻜 㻜㻚㻜㻤 㻜㻚㻜㻜 㻙㻜㻚㻜㻠 㻜㻚㻝㻠 㻙㻜㻚㻜㻤 㻜㻚㻥㻥 㻜㻚㻜㻜 㻙㻜㻚㻜㻤 㻙㻜㻚㻜㻝 㻜㻚㻜㻞 㻙㻜㻚㻝㻜 㻜㻚㻟㻡 㻙㻜㻚㻜㻠 㻙㻜㻚㻞㻟 㻜㻚㻞㻞
㻟 㻝㻚㻜㻝 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻤 㻜㻚㻜㻤 㻙㻜㻚㻜㻞 㻙㻜㻚㻜㻟 㻜㻚㻝㻡 㻙㻜㻚㻜㻡 㻜㻚㻜㻝 㻜㻚㻜㻝 㻙㻜㻚㻝㻜 㻜㻚㻜㻞 㻜㻚㻥㻥 㻙㻜㻚㻝㻝 㻜㻚㻟㻠 㻙㻜㻚㻜㻠 㻙㻜㻚㻞㻡 㻜㻚㻞㻞
㻠 㻝㻚㻜㻞 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻤 㻜㻚㻜㻡 㻜㻚㻜㻞 㻙㻜㻚㻜㻠 㻜㻚㻝㻠 㻙㻜㻚㻜㻡 㻜㻚㻜㻟 㻜㻚㻜㻜 㻙㻜㻚㻜㻤 㻜㻚㻜㻜 㻜㻚㻜㻞 㻙㻜㻚㻝㻞 㻜㻚㻠㻞 㻙㻜㻚㻜㻡 㻜㻚㻢㻜 㻜㻚㻞㻤
㻡 㻜㻚㻜㻞 㻙㻜㻚㻜㻞 㻙㻜㻚㻜㻥 㻜㻚㻜㻤 㻜㻚㻥㻠 㻙㻜㻚㻜㻠 㻜㻚㻝㻢 㻙㻜㻚㻜㻥 㻝㻚㻜㻞 㻜㻚㻜㻜 㻙㻜㻚㻝㻜 㻙㻜㻚㻜㻝 㻜㻚㻜㻟 㻙㻜㻚㻝㻜 㻜㻚㻟㻡 㻙㻜㻚㻜㻠 㻙㻜㻚㻞㻟 㻜㻚㻞㻠
㻢 㻜㻚㻜㻞 㻙㻜㻚㻜㻞 㻙㻜㻚㻜㻣 㻜㻚㻜㻥 㻜㻚㻥㻞 㻙㻜㻚㻜㻟 㻜㻚㻝㻡 㻙㻜㻚㻜㻡 㻜㻚㻜㻝 㻜㻚㻜㻝 㻙㻜㻚㻜㻥 㻜㻚㻜㻝 㻝㻚㻜㻜 㻙㻜㻚㻝㻝 㻜㻚㻟㻣 㻙㻜㻚㻜㻠 㻙㻜㻚㻞㻡 㻜㻚㻞㻞
㻣 㻜㻚㻜㻞 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻣 㻜㻚㻜㻡 㻜㻚㻥㻣 㻙㻜㻚㻜㻞 㻜㻚㻝㻠 㻙㻜㻚㻜㻢 㻜㻚㻜㻟 㻜㻚㻜㻜 㻙㻜㻚㻜㻥 㻜㻚㻜㻝 㻜㻚㻜㻝 㻙㻜㻚㻝㻞 㻜㻚㻠㻢 㻙㻜㻚㻜㻢 㻜㻚㻡㻤 㻜㻚㻟㻜
㻤 㻜㻚㻜㻟 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻥 㻜㻚㻜㻥 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻠 㻜㻚㻝㻡 㻙㻜㻚㻝㻜 㻝㻚㻜㻝 㻜㻚㻜㻜 㻙㻜㻚㻜㻤 㻙㻜㻚㻜㻝 㻝㻚㻜㻟 㻙㻜㻚㻝㻜 㻜㻚㻟㻟 㻙㻜㻚㻜㻠 㻙㻜㻚㻞㻟 㻜㻚㻞㻜
㻥 㻜㻚㻜㻟 㻜㻚㻜㻜 㻙㻜㻚㻜㻤 㻜㻚㻜㻡 㻜㻚㻜㻞 㻙㻜㻚㻜㻠 㻜㻚㻝㻠 㻙㻜㻚㻝㻞 㻝㻚㻜㻠 㻜㻚㻜㻜 㻙㻜㻚㻜㻤 㻙㻜㻚㻜㻝 㻜㻚㻜㻟 㻙㻜㻚㻝㻞 㻜㻚㻠㻠 㻙㻜㻚㻜㻡 㻜㻚㻡㻥 㻜㻚㻞㻥
㻝㻜 㻜㻚㻜㻟 㻙㻜㻚㻜㻝 㻙㻜㻚㻜㻤 㻜㻚㻜㻢 㻜㻚㻜㻝 㻙㻜㻚㻜㻟 㻜㻚㻝㻡 㻙㻜㻚㻜㻡 㻜㻚㻜㻞 㻜㻚㻜㻜 㻙㻜㻚㻜㻥 㻜㻚㻜㻝 㻝㻚㻜㻝 㻙㻜㻚㻝㻞 㻜㻚㻠㻟 㻙㻜㻚㻜㻠 㻜㻚㻡㻥 㻜㻚㻞㻤  
4. CONCLUDING REMARKS 
In recent years, several studies have been done on bridge vibration monitoring using a wireless 
acceleration sensor network(Yoshioka et al. 2008; Miki et al. 2010).The advantages of this technology 
for solving maintenance problems of existing infrastructures include low cost, elimination of the need for 
wiring, synchronized multi-point measurements, and an incidental data processing system for calculating 
natural vibration modes and frequencies. In considering common structural types and corrosion 
characteristics, we have concluded that the method in this paper can be effectively used for tower 
structures, such as high-voltage transmission towers and large chimneys. Since most transmission towers 
are constructed from similar designs, separate neural networks for diagnosis of each structure should not 
be necessary, and comparisons of deterioration levels for numerous structures are possible. 
However, the influence of various irregularities cannot be consideredeasily because there are few 
measurement data useful for comparison immediately following construction.  Further studies are 
required to address this problem.  
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